The future of the Amazon rainforest is unknown due to uncertainties in projected climate change and the response of the forest to this change (forest resiliency).
ensemble exploring both land vegetation processes and physical climate feedbacks in a fully coupled modelling framework. Under three different emissions scenarios, we measure the change in the forest coverage by the end of the 21st century (the transient response) and make a novel adaptation to a previously used method known as "dry-season resilience" to predict the long-term committed response of the forest, should the state of the climate remain constant past 2100. Our analysis of this ensemble suggests that there will be a high chance of greater forest loss on longer timescales than is realized by 2100, especially for mid-range and low emissions scenarios. In both the transient and predicted committed responses, there is an increasing uncertainty in the outcome of the forest as the strength of the emissions scenarios increases. It is important to note however, that very few of the simulations produce future forest loss of the magnitude previously shown under the standard model configuration. We find that low optimum temperatures for photosynthesis and a high minimum leaf area index needed for the forest to compete for space appear to be precursors for dieback. We then decompose the uncertainty into that associated with future climate change and that associated with forest resiliency, finding that it is important to reduce the uncertainty in both of these if we are to better determine the Amazon's outcome.
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| INTRODUCTION
There is currently a large focus on the future stability of the Amazon rainforest. This is due to its roles as an important carbon store and current sink in the climate system (Malhi et al., 2008 ). Significant loss, or dieback, of the rainforest could result in this carbon sink becoming a source, releasing stored carbon which would contribute to atmospheric CO 2 and so in turn climate change. Aside from this, the Amazon rainforest is important for other reasons such as sustaining large biodiversity (Dirzo & Raven, 2003) .
General circulation models (GCMs) give some insight into the future responses of the rainforest, projecting climate change forced by emissions scenarios and the forest's response to this. Uncertainties in future forest response due to different components of the Earth system represent an ongoing challenge, with work exploring the impact of land uncertainties to an atmospheric climate change (Cramer et al., 2004; Galbraith et al., 2010; Scholze, Knorr, Arnell, & Prentice, 2006; Sitch et al., 2008) , uncertainty in atmospheric drivers on a surface vegetation model (Rammig et al., 2010; Salazar, Nobre, & Oyama, 2007) or on bioclimatic regions (Malhi et al., 2009 ) all readily found in current literature. Poulter et al. (2010) and Huntingford et al. (2013) both attempt to synthesize uncertainties from both land and atmosphere.
Amazon forest dieback was first simulated in an offline vegetation model when forced by climate change occurring in HadCM3 (White, Cannell, & Friend, 1999) . Since then, it has also been found in some coupled GCMs such as HadCM3LC (Cox, Betts, Jones, Spall, & Totterdell, 2000) . Results from the standard version of the Hadley Centre's model show much larger dieback compared to simulations from most other Dynamic Global Vegetation Models (DVGMs) (Galbraith et al., 2010; Huntingford et al., 2013) . This is due to strong regional drying and warming that overwhelm the rising atmospheric CO 2 that contributes to increased photosynthesis (via the CO 2 fertilization effect) and thus productivity of the Amazon rainforest (Cox et al., 2004; Good, Jones, Lowe, Betts, & Gedney, 2013; Good et al., 2011; Huntingford et al., 2013; Malhi et al., 2009 ). This does not necessarily mean the response in the Hadley Centre's model is implausible; Shiogama et al. (2011) used observational constraints to suggest that the CMIP3 ensemble mean underestimates the most likely level of drying over the central/eastern Amazon. Nevertheless, the differences between current projections suggest that the forest's future is uncertain.
There has been much research into the varied responses of the forest under different GCMs and Dynamic Global Vegetation Models (DGVMs). For example, Sitch et al. (2008) test a variety of DGVMs under different emissions scenarios while using the same GCM. More recently, Huntingford et al. (2013) test the effect of climate change patterns from 22 GCMs which explore changes in land vegetation processes (Booth et al., 2012) , while using a single DGVM (TRIFFID) (Cox, 2001) . They then analyse biomass changes of the forest in the ensemble used here, along with Sitch et al.'s (2008) changes due to DVGM differences to determine there is a larger uncertainty associated with future emissions scenarios than climate model uncertainty.
These works explore uncertainty in future of the Amazon rainforest by focusing on specific modelled components (e.g. forest resiliency and climate change respectively). Poulter et al. (2010) perturb parameter values within the LPJmL DGVM and combine this with an ensemble of 8 GCMs to determine which parameters are most important in reducing uncertainty of future Amazon rainforest response. Galbraith et al. (2010) use factorial simulations to determine the effect certain factors, such as temperature or precipitation changes, have on vegetation carbon in the Amazon region for three DVGMs.
Here, we explore uncertainty in Amazon forest projections using output from a 57-member perturbed-physics ensemble of HadCM3C , a GCM whose Amazon dieback in its standard configuration is at the upper end of current projections. Our uncertainties in future climate change and forest resiliency are represented by the processes that are perturbed in the ensemble, allowing the opportunity to determine how sensitive future Amazon forest change is to these. This ensemble explores both land vegetation processes and physical climate feedbacks and represents the first time future Amazon rainforest changes have been analysed with this uncertainty. Furthermore, this is all carried out within a fully coupled framework meaning there is no mismatch between atmospheric drivers and changes in surface conditions. This aspect of our framework is unique. This also allows the vegetation to feedback on the atmosphere, both locally and globally. We run our ensemble under three different emissions scenarios.
The modelled vegetation in the Amazon rainforest (as well as vegetation elsewhere) exhibits inertia, meaning there is a delay in the response of the forest to the climate change that has occurred.
The eventual response based on the climate change that has happened up to a certain time, known as the "committed response," can take decades to be realized (Jones, Lowe, Liddicoat, & Betts, 2009 ).
This response may be calculated using "equilibrium vegetation" simulations where the climate is held at a constant level, allowing the vegetation to settle to equilibrium (Cox, 2001; Jones et al., 2009) . In a transient scenario (where radiative forcing was steadily increasing), Jones et al. (2009) found that Amazon dieback lagged the committed forest change by around 50 years. Because of this, the transient forest response could be considered a lower bound to the potential long-term forest loss that would occur in the model without reversing climate change. Understanding this committed response is important in determining the longer term outcome of the forest to emissions over the 21st century as, for example, the area of sustainable forest coverage may be significantly reduced well before transient loss is observed. Huntingford et al. (2013) calculate the committed response for the 22 models they test and find that rainforests that are growing in the transient experiment continue to grow slightly, whereas rainforests which have "peaked" and are on a decline show more dieback in their eventual committed response.
The primary controls on the large-scale distribution of committed vegetation under present-day through future conditions are rainfall, temperature and atmospheric CO 2 concentration. Good et al. (2011 Good et al. ( , 2013 showed that for Hadley Centre models, while considering tropical (20°N-20°S) land, combinations of dry-season length, the number of months a year that precipitation falls below a certain threshold or produce a water deficit, and temperature promote sustainable forest. There is no forest found in areas which are too warm or dry (i.e. have a long dry-season length). Dry-season length is closely related to Malhi et al.'s (2009) maximum cumulative water deficit (MCWD) calculation, which combines information on the dryseason rainfall level as well as the dry-season length. In these Hadley
Centre model simulations at least, the boundary between sustainable forest and no forest is fairly distinct.
In turn, Amazon rainfall anomalies have been linked to sea surface temperature indices in both the tropical Pacific (Cox et al., 2004; and Atlantic Good, Lowe, Collins, & Moufouma-Okia, 2008; Harris et al., 2008) . Both of these indices are observable in the real world.
Furthermore, increased rainfall comes from air that has passed over extensive vegetation suggesting that precipitation changes are also linked to deforestation (Spracklen, Arnold, & Taylor, 2012) . There is also evidence that drier conditions make the forest more sensitive to interannual temperature variations (Wang et al., 2014) . Using observed precipitation values in tropical rainforest areas, potential analysis (Livina, Kwasniok, & Lenton, 2010) has been used to determine how vulnerable certain areas of the forest are (Hirota, Holmgren, van Nes, & Scheffer, 2011) which is related to how far away they are from the boundary of not having enough precipitation to sustain themselves.
As well as analysing the transient response of the Amazon rainforest by 2100 under three emissions scenarios for each ensemble member, we also predict the long-term committed change of the forest, which would not be realized for many decades beyond 2100. To do this, we present a novel use of the dry-season resilience method described earlier (Good et al., 2011) . While Galbraith et al. (2010) analysis suggests that TRIFFID (Cox, 2001) , the DGVM used in HadCM3C and HadCM3LC, is insensitive to a drying climate in regard to changes in vegetation carbon compared to an increasing temperature, Good et al. (2011) suggest that both are equally important.
| MATERIALS AND METHODS

| Coupled climate-carbon cycle model
Our data are obtained from the HadCM3C Earth System Ensemble (HadCM3C-ESE) (Lambert et al., 2013) , using the TRIFFID DGVM (Cox, 2001) to determine the vegetation distribution. TRIFFID uses Lokta-Volterra equations where inter-species competition parameters are calculated based on height and as such there is a treeshrub-grass dominance hierarchy with regard to competition dynamics. This model configuration differs from the HadCM3LC build used in many earlier Amazon dieback studies in that it runs with a higher ocean resolution and couples in a fully interactive (both direct and indirect) sulphate aerosol scheme (Booth et al., 2012) . However, importantly the formulation of the DGVM remains the same between the two. There are 57 model configurations within the ensemble, each containing a different combination of perturbed parameters. The parameters are perturbed within boundaries suggested either by observational ranges or expert elicitation and grouped according to their role within the Earth system, whether they are part of the carbon cycle (n = 8 parameters) (Booth et al., 2012) , atmosphere (n = 32) (Collins et al., 2011) , sulphur cycle (n = 8) (Lambert et al., 2013) or ocean (n = 15) (Collins, Brierley, Macvean, Booth, & Harris, 2007) . A Latin hypercube sampling method was used to sample a range of combinations of carbon cycle and atmosphere parameters (Lambert et al., 2013) . There were originally 68 members; however, some were removed from the ensemble for failing to simulate reasonable top of the atmosphere (TOA) radiative fluxes during the spin up (outside the bounds suggested by Collins et al. 2011) . Ensemble members that failed to simulate the presence of Amazon or boreal forests were also removed (Lambert et al., 2013) . The ensemble is driven by emissions profiles expected to give the trajectories explained below, much like Meinshausen, Raper, and Wigley (2008) . This means that atmospheric greenhouse gas concentrations are prognostic values and vary due to different emergent model sensitivities resulting from the underlying perturbed parameters sampled in these experiments, even under the same emissions scenario. If the direct forcings or concentrations were applied to the ensemble members, it would prevent the opportunity to explore global feedbacks in the carbon cycle, and thus, using emissions profiles, more uncertainty is explored.
| Evaluation of model vs. Observed climate
Previous work comparing the Amazon region observations to those of members of a multi-model ensemble suggests that models are generally too dry and that accounting for this produces less dieback (Malhi et al., 2009 ). To determine how well our ensemble simulates real-world climate, we compare the temperature and dry-season length of each member in the Amazon rainforest region (which we define as 40°-70°W, 15°S-5°N) to observations from CRUTEM3 (Brohan, Kennedy, Harris, Tett, & Jones, 2006) and GPCC (Schneider et al., 2014) . By comparing the average Amazon climate state in the temperature-dry-season length plane to that of the real world ( Fig et al., 2000) and a business as usual scenario, RCP 8.5 (Riahi, Gr€ ubler, & Nakicenovic, 2007) , as detailed by Booth et al. (2013) . Using this ensemble and these scenarios, we are able to explore the uncertainty in future of the forest associated with climate and parameter (which in turn determine forest resiliency) unknowns. General comparisons between each scenario's model outputs, such as global mean temperature, have been shown elsewhere . Each of the scenarios share a common historical driving dataset from 1860 to 1950 based on SRES data, after which parallel SRES and RCP historical simulations were run. These form the basis from which A1B (from 1990) and the two RCPs (from 2005) were extended from. Further details about the experimental set-up are described by Booth et al. (2013) .
| Linking forest resilience to parameter dependence
HadCM3C-ESE was originally created to explore the spread of results capable under HadCM3C dynamics, rather than to determine the effects of individual parameters on changes in vegetation. For this, single parameters would have to be perturbed while keeping others constant. However, we explored the relationship between the transient responses and land surface parameters perturbed in the ensemble, noting that the full effect of each parameter is difficult to determine. Parameters concerned with the carbon cycle and their value ranges are described by Booth et al. (2012) . Parameters from the other groups (detailed previously) are less influential on forest resiliency. Here we focus on minLAI, the minimum leaf area index a plant functional type (PFT) needs before it competes for space and T OPT , the optimum temperature for photosynthesis. For the broadleaf PFT (which we use to measure forest cover), minLAI ranges between 1 and 4 and T OPT ranges between 27 and 37°C. Note that some perturbed parameter values are assigned to each plant functional type (PFT) in the ensemble, and ranges for the other PFTs have been detailed by Booth et al. (2012) .
| Estimating the committed forest response: modified dry-season resilience method
The basis of our analysis is to determine climate conditions that sustain forest and to explore the long-term committed response of the forest (Jones et al., 2009 ) to projected climate changes. Forest is considered sustainable if it exists at equilibrium (once transient dynamics have been resolved) for a given climate. Our method is based on that of Good et al. (2011) .
The method of Good et al. as tested on the standard version of the lower resolution HadCM3CL (Good et al., 2011) and HadGEM2-ES (Good et al., 2013) , aims to quantify climate drivers that affect sustainable forest. It does this using annual mean temperature and annual dry-season length (DSL, the number of months in a year that monthly precipitation is below 100 mm) from land grid points in the tropics (20°S-20°N), as well as global atmospheric CO 2 concentration as climate drivers that affect sustainability.
There is a large range of dry-season lengths found in the Amazon region in the ensemble (Figure 2 ), which are highly correlated with their corresponding MCWD values (Malhi et al., 2009 ) (r = .898, p < .001 for the 1860-1950 state and r = .963, p < .001 for the 2080-2100 state when using the mean forest values for each ensemble member, Figure 2a ). This suggests that using the number of months the forest is under water stress in our calculations, rather than the amount it is stressed by, is a simple replacement. We also find the mean forest dry-season lengths are strongly negatively cor- Figure 3a ). DSL and T refer to the dry-season length and temperature of a given grid point, respectively, whereas CO 2 is the global mean value of atmospheric CO 2 . The coefficients a and c, the temperature sensitivity and CO 2 fertilization coefficient, respectively, are to be determined along with the constant c. With this formulation, we are able to make statements such as "if DSL were to increase by a month, then temperature would have to decrease by a for the grid point to have the same resilience." The parameters a, c and c in Equation (1) are dependent on the parameters perturbed within the ensemble and as such there is uncertainty associated with them, which we will later decompose. Figure 3a . This standardized method of computing a and c is much more efficient than using the original method to determine them for all 57 ensemble members.
An important caveat here is that using equilibrium runs in their analysis, Good et al. (2011) were able to infer the value of c, the These extra runs would have allowed us to have two values for atmospheric CO 2 from which we would be able to infer the fertilization coefficient through the use of our logistic regression fit each time. Instead we are making the simplification that the CO 2 fertilization effect does not vary between simulations, although it is important to note that the true value of c in each instance is dependent on the parameters perturbed for each configuration. We note that only the fertilization coefficient c is kept constant across all configurations and that the fertilization effect itself will differ depending on the global atmospheric CO 2 concentration.
We have, however, run 10 ensemble members to equilibrium by holding climate forcings constant at their 2100 level, while allowing climate and the forest to respond as they lag the forcings (Figure 4 ).
This subset was chosen as it represents a range of parameter configurations, namely a spread in T OPT . We use these runs to test the validity of the linear regression described above, finding that temperature becomes a limiting factor in forest sustainability. However, we note that for the range of temperature observed up to 2100, the linear regression appears to be valid.
After determining the temperature sensitivity a and constant c for each configuration, Equation (1) When partitioning the transient responses by scenario (Figure 5b) , there is an increasing uncertainty in the forest state at 2100 with increasing strength of emission scenarios. Under the RCP 2.6 mitigation scenario, we see that the mean transient response is no change to the forest cover with a few simulations showing dieback, giving a negatively skewed distribution. For A1B simulations, while the mean response still suggests no change, it is clear there is more of a tendency for forest loss to be exhibited than occurs under mitigation. Under RCP 8.5, the mean response decreases slightly to a loss of around 5%. The uncertainty however, is a lot greater. As well as having more members which show loss and dieback, there are also more simulations that have forest growth than the other two scenarios.
The simulation with the largest dieback that occurs in RCP 2.6
shows signs of forest loss by 2040 and does so in all three scenarios.
For the forest to dieback so soon in the century suggests that in some cases, the configuration of perturbed parameters can cause forests that are already very near the threshold of dieback under present-day conditions rather than emissions causing this.
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While linking regional climate changes to specific physical parameters is not possible in this ensemble, it is more feasible to identify land-surface parameters affecting forest resilience. When determining if any of the perturbed land-surface parameters were linked to forest loss, we found the strongest relationships were found between forest change and T OPT , the optimum temperature for photosynthesis and minLAI, a competition parameter specifying the minimum leaf area index a plant functional type needs before it begins to compete for space ( Figure 6 ). If temperatures get much higher than T OPT , then there will be a decline in photosynthesis and productivity of the forest. We are looking at the spread of the forest in our analysis, and thus, if minLAI is too high, then the forest will not compete for space (Figure 6c, d ). While we are unable to carry out the chi-squared tests on the A1B ensemble members alone as there are not enough models that dieback under the A1B scenario, combining both RCP 8.5 and A1B ensemble members give p < .001 for both parameters using the boundaries above. This further strengthens the argument that although other factors such as climate change, which is not as strong in the A1B scenarios, drive dieback, low T OPT combined with high minLAI appears to be a precondition. The values of minLAI and T OPT in the standard configuration (Cox et al., 2000) (3 and 32°C, respectively) are near the thresholds that precondition dieback. This could explain, at least partially, why dieback is observed in the standard model, but not in the majority of the ensemble.
| Committed response predictions
To compare the transient responses (those in Figure 5 ) to our predictions of the committed responses (calculated using our modified In all three scenarios, our prediction of committed change suggests there is more uncertainty in the eventual outcome of the forest with a higher chance of further forest loss than is realized by 2100 (the transient response). For example, under RCP 2.6, the mitigation scenario, there is fairly robust response of "No change"
(forest remains within 5% of its original size) by 2100 (Figure 7a ).
However, over 40% of models predict a committed "Loss" (>5% decrease) or "Dieback" (>25% decrease) (Figure 7d ). Similar results are observed for the other two scenarios (A1B; Figure 7b , e, and RCP 8.5; Figure 7c , f). However, the least amount of models predicting large committed forest loss are found under the mitigation scenario.
In both the transient and predicted committed responses of the forest, stronger emissions scenarios (e.g. increased CO 2 emissions), lead to an increasing uncertainty in the resulting forest change with more of a tendency towards forest loss. However, there are also more RCP 8.5 ensemble members where forest "Growth" (>5% increase) is predicted as a committed response when compared to the other scenarios. This suggests more spread and thus more uncertainty in future outcome of the forest under stronger emissions scenarios. This uncertainty is also noted by the gradient of the CDFs as steeper gradients suggest less uncertainty.
| Decomposing uncertainty
By fitting an analytical solution (Dry-Season Resilience) to describe and explore the committed change in HadCM3C, we are then able to assess the relative influence of both climate change and forest resiliency terms in this formulation. To begin to determine causes in the spread of committed responses predicted, we decompose the uncertainty into that associated with climate change, and that associated with forest resiliency (the coefficient a, the temperature sensitivity and c in Equation (1), previously calculated individually for each of the 57 configurations). This analysis is carried out on the RCP 8.5 scenario runs as out of the three scenarios, and these had the largest predicted committed spread (Figure 7) . We further constrain our uncertainty in climate change using real-world observations of temperature from the CRUTEM3 dataset (Brohan et al., 2006) and dry-season length from the GPCC precipitation dataset (Schneider et al., 2014) computationally expensive to date. However, there is a suggestion that two land surface parameters, minLAI and T OPT , are related to the potential for large forest loss (Figure 6 ), which due to their values in the standard configuration could partially explain the dieback observed in the standard model (Cox et al., 2000) , although we note that other parameters and climate changes are also important.
Perturbing parameters describing the physics and vegetation processes of the model generally leads to forests that are more resilient to future climate change over the next century than in the standard version. However, large changes can still occur, especially under strong emissions scenarios where more loss or dieback is observed.
In certain cases, slower increases in temperature and dry-season length under large CO 2 increases could lead to forest growth (Figure 7f, green shading) . However, in one member a combination of perturbed parameters cause forest resiliency that is low enough for differences in emissions scenarios to be irrelevant for forest loss,
showing considerable commitment to forest loss even by 2040. The spread in results we find compared to the standard configuration highlights the importance of fully exploring both parameter and future emission scenario uncertainty, as well as trying to reduce it.
In our framework, dieback is caused by increased temperatures and dry-season lengths caused by the increased atmospheric CO 2 which overwhelm the CO 2 fertilization effect. Visually, the movement of the individual grid points in the Amazon region towards the boundary between conditions promoting sustainable forest and that unsuitable for forest is faster than the movement of the boundary line itself (Figure 3 ) in these cases. The increases in CO 2 compared to the consequent increases in temperature and dry-season length could be considered as a balance of expansion and risk of collapse and is important to consider when planning mitigation strategy.
When decomposing the uncertainty in our framework, the climate change component appears to be more important than forest resiliency. However, both contribute to the total uncertainty. This is more evident when we use observations as starting climate (comparing Figure 9a to 9b), which reduces uncertainty on where each grid point begins in our framework. It is worth noting that we are assuming that the differences in 1950-1980 and 1860-1950 climates are small relative to future changes, and that the forest stability has not markedly changed as a result. A caveat here is that we use the CO 2 fertilization coefficient c quantified from the standard HadCM3LC model by Good et al. (2011) . We are, therefore, only exploring the non-CO 2 fertilization component of forest resiliency and subsequently expect this framework to underestimate the importance of the total forest resilience uncertainty, where the impact on CO 2 fertilization (via changes to parameter c) would also be accounted for.
| DSR framework and validity of results
Our modified use of Good et al.'s DSR framework allows us to make predictions of committed change of the forest based on the emissions scenarios up to 2100. We note here that these predictions of committed change are "lower bounds," meaning that more loss is likely to occur than we predict. Our assumption of the regression model we fit being linear breaks down at higher temperatures as this becomes a limiting factor in forest sustainability when we run a subset of the ensemble members to equilibrium (Figure 4 ). The threshold for when this change in temperature sensitivity (a) begins to become significant is dependent on the optimum temperature (T OPT ) for photosynthesis in the model configuration (one of the major uncertainties in future tropical forest response Booth et al., 2012; Matthews, Eby, Ewen, Friedlingstein, & Hawkins, 2007) . Nevertheless, the technique presented here represents a computationally efficient method of estimating the lower bound to simulated forest loss on the basis of the historical and future GCM climate and forest coverage. Future work could involve adding a nonlinear temperature term into Equation (1) while exploring higher temperatures in true 2100 equilibrium runs.
The DSR framework provides a simple metric that can quantify why different models show markedly different responses. Given the 
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CDFs showing predicted committed Amazon forest change for the RCP 8.5 scenario. Committed change is predicted using (a) the 1860-1950 modelled state (temperature and dryseason lengths; as in Figure 7f ) and (b) real-world observations (see main text). Committed change is also predicted while keeping resilience parameters constant (dashed lines) and climate change constant (dotted lines). Constraining one variable allows the uncertainty in the other to be explored (as described in text) uncertainty in current DVGM estimates, the DSR framework gives insight into moisture and temperature constraints and thus could be applied to other models, providing a simple comparison of some of the processes between them. Furthermore, the DSR framework could allow the relative contributions of temperature and DSL changes to forest loss to be calculated.
The inertia of the forest response found by Jones et al. (2009) Here, we present results from new simulations ) that explore uncertainties in both the land surface/vegetation response and the physical climate simultaneously. This provides the first GCM ensemble where uncertainties in both physical climate and land processes interact within a common experimental framework.
Furthermore, our approach to determining uncertainty is very different from both of the previous works using our novel dry-season resilience method. This allows us also to begin to determine where the uncertainties lie. Poulter et al. (2010) perturb parameters within the LPJmL DVGM more extensively and combine this with eight different GCMs. Here, we provide some uncertainty associated with the TRIFFID DVGM, within a fully coupled framework where forest changes both locally and globally feedback on the climate response, further exploring uncertainty.
In conclusion, we have highlighted the uncertainty in the Amazon rainforest's future due to uncertainties in climate change and land based processes (in an experiment that explores a broad range of vegetation and climate responses) and thus the importance of reducing these to better determine the forest's outcome. Our predictions of committed rainforest change show that even under the most intense mitigation, the forest may not be sustainable, despite appearing to be at the end of the 21st century, suggesting that planning beyond 2100 is essential.
